Variation in Patient-Sharing Networks of Physicians Across the United States by Landon, Bruce Evan et al.
Variation in Patient-Sharing Networks
of Physicians Across the United States
The Harvard community has made this
article openly available.  Please share  how
this access benefits you. Your story matters
Citation Landon, Bruce E., Nancy L. Keating, Michael L. Barnett, Jukka-
Pekka Onnela, Sudeshna Paul, A. James O’Malley, Thomas Keegan,
and Nicholas A. Christakis. 2012. “Variation in Patient-Sharing
Networks of Physicians Across the United States.” JAMA 308 (3)
(July 18). doi:10.1001/jama.2012.7615.
Published Version doi:10.1001/jama.2012.7615
Citable link http://nrs.harvard.edu/urn-3:HUL.InstRepos:33839949
Terms of Use This article was downloaded from Harvard University’s DASH
repository, and is made available under the terms and conditions
applicable to Other Posted Material, as set forth at http://
nrs.harvard.edu/urn-3:HUL.InstRepos:dash.current.terms-of-
use#LAA
ORIGINAL CONTRIBUTION
Variation in Patient-Sharing Networks
of Physicians Across the United States
Bruce E. Landon, MD, MBA
Nancy L. Keating, MD, MPH
Michael L. Barnett, MD
Jukka-Pekka Onnela, PhD
Sudeshna Paul, PhD
A. James O’Malley, PhD
Thomas Keegan, PhD
Nicholas A. Christakis, MD, PhD
IN1973,WENNBERGANDGITTELSOHN
1
firstdescribedtheextent towhichlo-
cal practice patterns varied across
towns in Vermont. Decades of sub-
sequent research demonstrating both
small-andlarge-areavariationsincaresug-
gest that local norms play an important
role indeterminingpracticepatternsand
that, in aggregate, such norms and cus-
tomsmightaccountforalargeproportion
ofthevariabilitythatexistsinhealthcare.2-4
Whatevertheexactcause,small-areavaria-
tions inpatternsofcaresuggest thatphy-
sicians may come to conform to the be-
havior of other nearby physicians.
This might happen in part by physi-
cians actively sharing clinical informa-
tionamongthemselvesthroughinformal
discussions andobservations (eg, of pa-
tient records) that occur in the process
of providing care to shared patients.5
These informal information-sharingnet-
worksofphysiciansdifferfromformalor-
ganizational structures (such as a phy-
siciangroupassociatedwithahealthplan,
hospital, or independent practice asso-
ciation) in that they do not necessarily
conformtotheboundariesestablishedby
formal structures. However, formal or-
ganizationalaffiliationsclearly influence
the interactions physicians have. Infor-
malinformation-sharingnetworksamong
physiciansmaybeseenasorganicornatu-
ral rather than as artificial or deliberate.
The potential influence of informal
networks of physicians on decision
making has been understudied de-
spite the potential importance of these
networks in day-to-day practice. In
addition, understanding more about
physicians’ predilections to form rela-
tionships with colleagues could be im-For editorial comment see p 294.
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Context Physicians are embedded in informal networks that result from their shar-
ing of patients, information, and behaviors.
Objectives To identify professional networks among physicians, examine how such
networks vary across geographic regions, and determine factors associated with phy-
sician connections.
Design, Setting, and Participants Using methods adopted from social network
analysis, Medicare administrative data from 2006 were used to study 4 586 044Medi-
care beneficiaries seen by 68 288 physicians practicing in 51 hospital referral regions
(HRRs). Distinct networks depicting connections between physicians (defined based
on shared patients) were constructed for each of the 51 HRRs.
Main Outcomes Measures Variation in network characteristics across HRRs and
factors associated with physicians being connected.
Results The number of physicians per HRR ranged from 135 in Minot, North Da-
kota, to 8197 in Boston, Massachusetts. There was substantial variation in network
characteristics across HRRs. For example, the mean (SD) adjusted degree (number of
other physicians each physicianwas connected to per 100Medicare beneficiaries) across
all HRRs was 27.3 (range, 11.7-54.4); also, primary care physician relative centrality
(how central primary care physicians were in the network relative to other physicians)
ranged from 0.19 to 1.06, suggesting that primary care physicians were more than 5
times more central in some markets than in others. Physicians with ties to each other
were far more likely to be based at the same hospital (69.2% of unconnected physi-
cian pairs vs 96.0% of connected physician pairs; adjusted rate ratio, 0.12 [95% CI,
0.12-0.12]; P .001), and were in closer geographic proximity (mean office distance
of 21.1 km for those with connections vs 38.7 km for those without connections,
P .001). Connected physicians also had more similar patient panels in terms of the
race or illness burden than unconnected physicians. For instance, connected physician
pairs had an average difference of 8.8 points in the percentage of black patients in
their 2 patient panels compared with a difference of 14.0 percentage points for un-
connected physician pairs (P .001).
Conclusions Network characteristics vary across geographic areas. Physicians tend
to share patients with other physicians with similar physician-level and patient-panel
characteristics.
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portant for identifying levers to influ-
ence how physicians exchange
information with one another. Herein,
we discuss the use of novel, validated
methods from social network analysis
to define professional networks based
on patient sharing among physicians,
and examine how such networks vary
across geographic areas.We also iden-
tify physician and patient population
factors that are associatedwith patient-
sharing relationships.
METHODS
Sharing of patients based on adminis-
trative data can identify information-
sharing ties among pairs of physi-
cians.6 Physician encounter data from
theMedicare programwere used to de-
fine networks of physicians based on
shared patients.7 A social network is de-
fined as a set of actors and the relation-
ships or connections that link these ac-
tors together (BOX). Social network
analysis can be used to study the struc-
ture of a social system and to under-
stand how this structure influences the
behavior of constituent actors. In this
study of physician patient-sharing net-
works, nodes represent the individual
physicians in the network and ties (or
edges) represent shared patients be-
tween nodes. The presence of shared
patients was used to infer information-
sharing relationships between 2 phy-
sicians. Ties vary in their weight ac-
cording to the number of shared
patients, withmore shared patients im-
plying stronger connections between
physicians.6 This study was approved
by the Harvard Medical School insti-
tutional review board, which also ap-
proved a waiver of consent for partici-
pants in the study.
Identifying the Sharing of Patients
Shared patients were identified using
Medicare claims from 2006. To maxi-
mize data on shared patients among
physicians practicing in local areas, we
obtained data for 100% of Medicare
beneficiaries (including those aged65
years) living in 50 market areas (de-
fined as hospital referral regions
[HRRs]) randomly sampledwith prob-
ability proportional to their size; this
was themaximum amount of data that
the Centers for Medicare & Medicaid
Services would release to us. TheHRRs
represent regional markets for tertiary
care, which were defined based on re-
ferral patterns for cardiovascular and
neurosurgical procedures performed.8
In addition, the Boston HRR was in-
cluded to aid in the development and
testing of the methods of the study be-
cause it is familiar to us. We included
patients enrolled in bothMedicare Parts
A and B and excluded patients en-
rolled inMedicare Advantage plans, for
whom encounter data were not
available.
Encounters with physicianswere de-
fined based on paid claims in the car-
rier file. We excluded claims for spe-
cialties in which physicians were not
involved in direct patient care or were
not selected specifically (eg, radiol-
ogy, anesthesia).We identified all evalu-
ation and management services, and
also included procedures with a rela-
tive value unit of at least 2.0 to cap-
ture surgical procedures that are often
reimbursed via bundled fees that in-
clude preprocedure and postproce-
dure assessments.We excluded claims
for laboratory and other services not re-
quiring a physician visit and claims gen-
erated from physicians who saw fewer
than 30Medicare patients during 2006
or who practice outside of the in-
cluded HRRs. Although the latter ex-
clusions increase the risk of excluding
physicians who work on the geo-
graphic boundary of a HRR, informa-
tion on these physicians would have
been incomplete.
Characteristics of Physicians
and Patients
Physician characteristics including age,
sex, medical school, and place of resi-
dencywere defined using data from the
Box. Glossary of Network Terms
Betweenness centrality: how central a node (or a physician) is within his/her
network, obtained by considering the shortest paths from each node to every other
node in the network (FIGURE 1).
Relative betweenness centrality: the mean betweenness centrality of one physi-
cian type (eg, primary care physician) relative to all other physicians in the network.
Bipartite network: bipartite refers to a network in which the nodes can be par-
titioned into 2 sets, physicians and patients, such that all ties link nodes from 1
set to the other and there are no ties within a set. We converted this to a unipartite
network of linked physicians.
Clustering coefficient: the proportion of network neighbors of a node that is
directly connected to one another, thus, a proportion of physician’s colleagues who
share patients with one another.
Connection, edge, or tie: a tie connects 2 nodes, in this case, linking 2 physicians
in the network who share patients as identified in Medicare claims data. Connec-
tions likely correspond to information-sharing relationships between physicians.
Degree, adjusted degree: the number of ties a given node has; thus, the num-
ber of physicians a physician is connected to through patient sharing. Because pa-
tient volume influences the number of connections, we obtained an adjusted de-
gree by dividing degree by the total number of Medicare patients the physician
shares with all other physicians.
Homophily: the tendency of individuals with similar characteristics to associ-
ate with one another.
Node or actor: an individual actor or agent in the network, in this case a physician.
Shared patients: the total number of shared patients across all ties for an indi-
vidual physician.
Socialnetwork:asetof actors, in this casephysicians, andasetof relationships link-
ing the actors together. Social networks can be used to study the structure of a social
organization and how this structure influences the behavior of individual actors.
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American Medical Association’s Phy-
sician Masterfile.9 Billing zip code and
specialty designations from Medicare
claims (defined based on the plurality
of submitted claims) were used to as-
sign a principal specialty and practice
location. Physicians (1%) for whom
we could not identify a practice loca-
tion or dominant specialty were ex-
cluded. Physicianswere classified as pri-
mary care physicians (PCPs; included:
general internists, family practition-
ers, and general practitioners), medi-
cal specialists, or surgical specialists.
For each physician,we calculated the
following practice-level variables for
theirMedicare patients: mean age, per-
centage of females, race/ethnicity (per-
centage of whites, blacks, and Hispan-
ics), and mean health status measured
using the Centers forMedicare&Med-
icaid Services’ Hierarchical Condition
Categories risk adjustment model.10
Eachphysician’s practice stylewas char-
acterized based on the intensity of care
delivered to his/her patients measured
using Episode Treatment Group soft-
ware.11 Intensity of care was defined
based on themean resource use for epi-
sodes of care delivered by that physi-
cian comparedwith similar episodes de-
livered by all of the other physicians
(eAppendix and eTable at http://www
.jama.com). A physician with an inten-
sity index of 1.0 delivers care for all the
conditions he/she treats that is equal to
the intensity (as measured by total ser-
vice use) of the average physician of the
same specialty treating those condi-
tions. A score of 1.2would indicate that
he/she is 20% more costly.
Constructing Physician Networks
Physiciannetworkswerediscerned from
a patient-physician bipartite or 2-mode
network. The term bipartitemeans that
nodes in the network can be parti-
tioned into 2 sets (eg, physicians andpa-
tients) and that all relationships link
nodes from 1 set to the other.12 A uni-
partitite (physician-physician) net-
work13,14was formedby connecting each
pair of physicians who shared patients
with one another, and a weight was as-
signed to such ties based on the num-
ber of patients shared (Figure 1). A key
decision involveddetermining themini-
mum number of shared patients that
could optimally be used to define con-
nections representing important rela-
tionships. We previously found (using
these same Medicare data) that physi-
cians in a single academic health care
system who shared 8 or more patients
had an 80%probability of having a vali-
dated information-sharing relation-
ship.6 This threshold might differ de-
pending on specialty and the clinical
activity of each physician.
We explored both absolute thresh-
olding (using the same threshold for
each physician and specialty) and rela-
tive thresholding (creating a custom-
ized threshold for each physician).We
found that using a relative threshold
that maintained the strongest 20% of
ties for each physician appeared to best
maintain intrinsic network character-
istics while also eliminating noise that
might result from spurious connec-
tions. Although this method likely
eliminated some ties that represent true
relationships, it maintains the stron-
gest ties for each physician and there-
fore maintains the relationships likely
to be most influential to that physi-
cian. In sensitivity analyses, using the
top 10% and 30% of ties, our main re-
sults were similar (eAppendix).
Network Descriptive Measures
The networks were described after ap-
plying our thresholding procedure and
by focusing on a set of measures appli-
cable across all types of physicians: ad-
justed physician degree, number of pa-
tients shared by the physician, relative
betweenness centrality, and physician-
level clustering coefficient (Figure 1 and
Box).
Degree was defined as the number of
physicians connected to a given phy-
sician through patient sharing. Be-
cause the number of connections was
influenced by patient volume, we ad-
justed the degree by dividing each phy-
sician’s degree by the total number of
Medicare patients that the physician
shared with other physicians (ad-
justed degree). Thus, physicians with
a higher degree were connected to and
shared patients with more physicians.
The number of shared patients was de-
fined as the total number of shared pa-
tients across all ties for a physician and
reflects the number of patients that phy-
sician cared for, as well as his/her ten-
dency to share care with other physi-
cians. The betweenness centrality of a
physician represented how central a
physician was within his/her network
of colleagues.14-16
To calculate relative betweenness
centrality for PCPs or medical special-
ists in each HRR-level network, mean
PCP or specialist centrality for that net-
workwas first calculated and then later
divided by the mean centrality of all
other physicians in the network. Cen-
tral physicians in a network are likely
to have more influence. The cluster-
ing coefficient of a physician in the net-
work refers to the proportion of a phy-
sician’s colleagues who also shared
patients with one another. A physi-
cian could share patients with 10 other
physicians, none of whom share pa-
tients with each other, or a physician
could share patients with 10 other phy-
sicians, all of whom were intercon-
nected. A network with a high-
clustering coefficient wasmore densely
connected.
For descriptive purposes, each phy-
sician was assigned to a principal hos-
pital based onwhere they filed the plu-
rality of inpatient claims or, if they did
not do inpatient work, to the hospital
where the plurality of patients they saw
received inpatient care.17
Statistical Analyses
The networks in each of the 51 HRRs
were first characterized. Selected net-
works were visualized using the
Fruchterman-Reingold algorithm.18Un-
adjusted differences in network mea-
sures across regionswere assessedusing
1-way analysis of variance.
To examine factors associated with
the existence of ties between physi-
cians, we first compared the character-
istics of pairs of connected physicians
within eachof the regionswith the char-
acteristics of all other potential pairs for
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Figure 1. Basic Social Network Concepts
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which there was no connection. These
analyses included all physicians and ties
(not just the 20% of strongest ties used
for the descriptive network analyses).
For each physician pair, whether con-
nected or not, differencemeasureswere
defined for each of the main indepen-
dent variables of interest. For in-
stance, distance was defined as the
number of kilometers between the zip
code centroid for each pair’s office ad-
dresses (and was log-transformed to
limit the effect of outliers). Shared pa-
tients were excluded from the calcula-
tion of patient-panel attributes for each
physician pair, so the results are not in-
flated by the fact that shared patients
have identical characteristics.
Bivariate differences were evalu-
ated using 2-sided t tests or 2 tests (as
appropriate) and were considered sig-
nificant if the P value was less than .05.
Because our analyses are hypothesis-
generating, we did not adjust P values
for multiple comparisons.We then es-
timated univariable and multivariable
models to identify characteristics asso-
ciated with having a tie and increasing
tie strength between2physicianswithin
the network (ie, the extent to which
characteristics of 2 physicians con-
nected to each other are similar, also
known as homophily). The depen-
dent variable was the number of shared
patients between any pair of physi-
cians and the predictors were the dif-
ference measures. Because the preva-
lence of potential ties with 0 patients
was large, we found that a negative bi-
nomial distribution best fit the data.
To make the results easier to inter-
pret, regression coefficients were con-
verted to standard rate ratios because
the outcome is not binary. For the dif-
ferences in patient characteristics mea-
sured as percentages, we present rate
ratios representing the increase in the
number of ties for each 10% differ-
ence in a patient population character-
istic across the 2 physicians. All analy-
ses were performed with SAS version
9.2 (SAS Institute Inc).
RESULTS
We studied 4 586 044 Medicare ben-
eficiaries from 51HRRswhowere seen
by 68 288 physicians. The randomly
sampledHRRs are distributed across all
regions of the country and include ur-
ban and rural locations (eFigure 1 at
http://www.jama.com). The character-
istics of all included physicians and pa-
tients are presented in TABLE 1. The
mean physician age was 48.8 years and
about 80%weremale. Among theMedi-
care patients, themean agewas 71 years
and 40% were male. The distribution
of the number of shared patients be-
tween linked physicians for the entire
data set is depicted in eFigure 2.
After applying the relative thresh-
olding rule (keeping only ties with
strength in the top 20th percentile for
each physician), the mean number of
patients shared per 100Medicare ben-
Table 1. Characteristics of Physicians, Patients, and Networks Stratified by Hospital Referral Region
Characteristics Mean (SD) [Range]
Hospital Referral Region
Boston, MA Minot, ND Joliet, IL Miami, FL
Physicians
No. 1339 (1621) [135-8197] 8197 135 496 3600
Age, y 48.5 (1.3) [46.1-51.7] 48.3 48.1 46.3 51.7
Males, % 80.3 (4.9) [69.2-89.7] 70.1 82.4 77.8 84.1
Type of practice, %
Primary care 41.9 (5.4) [27.6-53.3] 38.5 50.4 40.1 39.0
Medical specialist 30.0 (4.8) [20.7-47.1] 36.8 20.7 33.5 35.7
Surgical specialist 28.0 (3.3) [21.3-35.5] 24.7 28.9 26.4 25.2
Patients
No. 279 (84) [126-447] 224 260 317 228
Whites, % 86.6 (11.5) [49.4-98.8] 89.1 92.7 89.4 61.7
Blacks, % 8.9 (10.1) [0.1-42.1] 6.2 0.2 8.7 111.9
Hispanics, % 1.8 (4.0) [0-24.2] 1.5 0 0.9 24.2
Females, % 59.9 (2.0) [54.4-64.2] 60.8 58.0 61.6 61.1
Medicaid, % 23.0 (10.0) [7.7-51.9] 27.7 12.0 14.7 51.9
Age, y 70.7 (1.6) [67.1-74.6] 70.8 73.2 71.4 71.6
Hierarchical clinical condition score 1.9 (0.3) [1.5-2.8] 2.2 1.7 2.0 2.8
Episode treatment group intensity score 1.03 (0.06) [0.9-1.2] 1.1 1.2 1.0 1.1
Networks
No. of ties 50927 (75963) [1568-392582] 392582 1568 12914 218136
Adjusted degreea 27.3 (10.4) [11.7-54.4] 51.4 11.7 18.6 54.4
No. of shared patients 852 (336) [297-1504] 835 498 1222 1146
Clustering 0.55 (0.06) [0.40-0.67] 0.48 0.67 0.62 0.47
Relative centrality
Primary care physician 0.38 (0.17) [0.19-1.06] 0.52 0.41 0.19 0.46
Medical specialist 3.47 (1.33) [0.48-7.40] 1.62 5.59 3.98 2.12
aIndicates the number of other physicians each physician was connected to per 100 Medicare beneficiaries across all hospital referral regions.
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eficiaries across the entire sample was
27.3. Network attributes are depicted
graphically in eFigure 3, which shows
scatter plots of the network topological
characteristics of interest vs the net-
work size for the included HRRs. The
networkmeasures fall into 2distinct cat-
egories: those with a strong depen-
dence on network size (adjusted de-
gree, clustering, number of shared
patients) and those less associated with
network size (relative PCP andmedical
specialist centrality).
Networkcharacteristicsacrossthegeo-
graphicregionsalsoareshowninTable1.
Substantialvariationwasobservedacross
HRRs. For example, the number of in-
cludedphysiciansrangedfrom135inMi-
not,NorthDakota (1568 ties) to8197 in
Boston, Massachusetts (392 582 ties).
Physician-adjusteddegreeismuchhigher
inBoston(theaveragephysicianwascon-
nected to 51.4 other physicians per 100
Medicare patients cared for in Boston vs
11.7 in Minot), whereas clustering is
greater in Minot (0.62 in Minot vs 0.48
inBoston;theclusteringcoefficientranges
from0-1andquantifies theproportionof
physicianswho, inadditiontobeingcon-
nected toagivenphysician, arealsocon-
nected to one another).
As noted above, these network char-
acteristics also were strongly associated
with network size. Other variation can-
notbeexplainedby thegeneral relation-
shiptonetworksize,however,suchasthe
greater relativebetweennesscentralityof
specialists inMinotvsBoston(specialists
are5 timesmore central than PCPs in
Minot, whereas in Boston, they are only
1.6timesascentral),meaningthatcertain
structural aspectsofphysiciannetworks
arenot simply functionsofnetworksize.
Graphical depictions of networks for
2 HRRs are presented in FIGURE 2. Net-
works are pictorially representedusing
spring embeddermethods,whichposi-
tion objects with stronger connections
(ie, physicians with more shared pa-
tients) in closer physical proximity
within the network (Figure 2A andon-
line interactive showing variations in
network configurations). InMinneapo-
lis/St Paul, Minnesota, there are many
ties betweenphysicians in different hos-
pitals,with primary care physicians cen-
tering their patient sharing around a
pool of medical and surgical special-
ists in multiple hospitals. Thus, al-
though physicians are clustered accord-
ing to their principal hospital affiliation,
the close proximity of the clusters is in-
dicative of multiple ties across hospi-
tals. Alternatively, inAlbuquerque,New
Mexico, network connections are
mostly confined within hospitals, and
connections are generally confined to
their hospital. Consequently, the hos-
pital clusters in Albuquerque are more
distinct and separated in space.
FactorsAssociatedWithNetworkTies
Amongallphysiciansandties(ratherthan
just the 20%of strongest ties) across the
51 HRRs, male physicians were more
likely to have ties with other male phy-
sicians (65.1% of connected physician
pairsweremale-malevs54.6%ofuncon-
nectedphysicianpairs,P .001),but fe-
male physicians were less likely to have
ties with other female physicians (3.8%
of connected physician pairs vs 6.4% of
unconnected physician pairs, P .001)
(TABLE2).Physicianswith tieswerealso
closerinage(meandifferenceof11.5years
for thosewith ties vs12.5years for those
without ties, P .001).
Patternsvariedbyphysician specialty
aswell.Physicianswith ties toeachother
werefarmorelikelytobebasedatthesame
hospital(69.2%ofunconnectedphysician
pairs vs 96.0% of connected physician
pairs; adjusted rate ratio, 0.12 [95% CI,
0.12-0.12];P .001).Connectedphysi-
cian pairs also were more likely to be in
closegeographicproximity.Themeandis-
tance forconnectedpairswas21.1kmvs
38.7kmforunconnectedpairs(P.001).
Connectedphysiciansalsohadmoresimi-
larpractice intensityasmeasuredbyepi-
sode treatment groups11 (a difference of
0.29 for linkedphysiciansvsadifference
of0.31forunlinkedphysicians,P.001).
Characteristics of physicians’ patient
populationsalsowereassociatedwiththe
presence of ties between physicians.
Across all racial and ethnic groups, con-
nectedphysicianshadmoresimilarracial
compositionsof theirpatientpanels (net
ofanysharedpatients)thanunconnected
physicians.For instance,connectedphy-
sician pairs had an average difference of
8.8 points in the percentage of black
patientsintheir2patientpanelscompared
with a difference of 14.0 percentage
points for unconnected physician pairs
(P.001).Similarly,differences inmean
patient age and percentage of Medicaid
patients alsowere smaller for connected
physiciansthanunconnectedphysicians.
Medical comorbidities (measuredby the
HierarchicalConditionCategoriesscore)
were also more similar, suggesting that
connected physicians had more similar
patients in terms of clinical complexity
thanunconnectedphysicians.Allofthese
results were confirmed inmultivariable
regression models (Table 2).
Physiciansthustendtoclustertogether
along attributes that characterize their
ownbackgroundsandtheclinicalcircum-
stances of their patients. We observed
similarpatternswhenrepeatingtheanaly-
ses using logistic regression after apply-
ing the thresholding criteria.
COMMENT
Ourresultsdemonstratesubstantialvaria-
tion inphysiciannetworkcharacteristics
across geographic areas in termsof both
topological featuresanddyadic ties, even
for networks of generally similar size. It
has long been known that physician be-
haviorvariesacrossgeographicareas,yet
ourunderstandingofthefactorsthatcon-
tribute to thesegeographicdifferences is
incomplete.1 Our findings suggest that
variationaccordingtonetworkattributes
might help explainhealth care variation
acrossgeographicareas,particularlygiven
whatisknownabouthownetworksfunc-
tion. However, additional studies are
needed to ascertain the extent to which
the structural variation in physician
interactions—onbothmacro andmicro
scales—can help explain variation in
medicalpracticeacrossgeographicareas.
Our results showthatphysicians tend
tosharepatientswithcolleagueswhohave
similarpersonaltraits,practicestyles,and
patientpanels, although the influenceof
someofthesetraits issmall inmagnitude.
Workingatthesameprimaryhospitaland
having similar sociodemographic char-
acteristicsamongpatients intheirpatient
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Figure 2. Examples of Variations in Patient-Sharing Physician Networks
C Example of a tightly connected network: Minneapolis/St Paul, MN (n=596 physicians)
B Example of a loosely connected network: Albuquerque, NM (n=1391 physicians)
A Variations in network configurations based on the number of patient-sharing connections between physicians at different hospitals
Hospital affiliation
Shared patients (≥10)
Hospital affiliation
Primary care physician
Medical specialist
Surgical specialist
Other specialist
Specialty
Shared patients (≥10)
Shared patients (≥10)
Primary care physician
Medical specialist
Surgical specialist
Other specialist
Specialty
Shared patients (≥10)
Loosely connected network Tightly connected network
In a network in which physician connections 
are mostly within hospitals, the network has 
tight hospital clusters but loose connections 
between hospital clusters.
In a network with many physician 
connections both within and across 
hospitals, the hospital clusters are tightly 
connected to each other.
In networks with more physician connections across 
hospitals, the hospital clusters are closer together and 
the overall network becomes tighter.
Hospital B
Hospital C
Hospital D
Hospital A
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panel increases the likelihood of a con-
nectionbetweenphysicians.Thisextends
priorresearchbyincorporatingmeasures
of the strength of the tie and by examin-
ingpredictorsof ties.19Ourworkalsoex-
tendspriorresearchfocusedonrestricted
types of care (eg, intensive care) or phy-
sicians (eg, urologists).20,21
Thenetwork interactionsamongphy-
sicians thatwediscerneddiffer from the
formal networks sometimes established
byhealthplansorhealthsystemsbecause
they reflect actual patient flows across
physicians. Formalnetworks are impor-
tant, as evidenced by the unsurprising
finding that physicians associated with
thesamehospital are farmore likely than
otherphysicians tobeconnected.Yet this
is not always the case. For instance,
although hospital affiliation appears to
be a strong predictor of ties in the Albu-
querque, New Mexico, market, this is
not the case in Minneapolis/St Paul,
Minnesota.
Our ability to discern these organic,
natural networks is relevant to the cur-
rentpushtowardthecreationofaccount-
able care organizations. Herein, we de-
finedand identifiednaturalgroupingsof
physicianswhowerealreadysharingpa-
tientstoprovidecare.Suchphysicianshad
ahistoryofworkingwitheachother,and
likelyhaveevolvednatural communica-
tionchannels. Insurers andpolicymak-
ers who want to influence physician
behavior might therefore find it more
efficient to identify candidate account-
able care organizations in this fashion.
When asked, physicians almost uni-
formly report that they choose other
physicians for advice or referrals be-
cause of their skill and clinical exper-
tise.22-24 Physician associations aremore
complex and are related to other fac-
tors aswell. Physicians demonstrate ho-
mophily in their professional networks
just as in virtually every other social cir-
cumstance studied.25-27 Because our data
are cross-sectional, we cannot tell
whetherphysicianspreferentially choose
to refer to physicians who treat similar
patients or whether these physicians
share similar patient populations for
other reasons. It is notable, however, that
these findings hold evenwhen account-
ing for hospital affiliation. The extent of
homophily we observe has additional
implications: it might reduce the diffu-
sion of valuable or novel information,
and it could also increase the consis-
tency of clinical practice. That is, to the
extent that when physicians are con-
nected to other physicians that they re-
semble, they are less likely to be ex-
posed to novel information.
These analyses are subject to sev-
eral limitations. First, we used Medi-
care data to identify shared patients
among physicians. Patient-sharing pat-
ternsmay differ for younger patients or
patients in integrated delivery sys-
tems. The growing availability of all-
payer databases at the state level should
facilitate more complete ascertain-
ment of physician networks, although
theMedicare data continue to have the
advantage that they are available across
the entire country. Second, our data
were limited to a single year. Future
analyses should replicate our findings
usingmultiple years of data and exam-
ine the stability of networks over time.
Third, our analyses of network char-
Table 2. Physician and Patient Characteristics Associated With Physician-Physician Relationships
Characteristics
Unadjusted
Proportion
of Dyads,
Mean Difference Rate Ratio (95% CI)a
With
Ties
Without
Ties Unadjusted Adjustedb
Physicians
Overall difference 92.2 7.8
Sex
Male-male 65.1 54.6 1.68 (1.68-1.69) 1.32 (1.32-1.32)
Female-female 3.8 6.5 0.72 (0.71-0.72) 0.79 (0.78-0.79)
Male-female 29.1 36.8 1 [Reference] 1 [Reference]
Difference in age 11.5 12.5 0.80 (0.80-0.80) 0.88 (0.88-0.88)
Specialty
PCP-PCP 10.1 15.8 0.77 (0.76-0.77) 0.62 (0.62-0.62)
PCP-medical 28.0 27.1 1 [Reference] 1 [Reference]
PCP-surgical 17.5 20.3 0.72 (0.72-0.72) 0.65 (0.65-0.65)
Medical-medical 16.9 12.1 1.52 (1.52-1.53) 1.36 (1.36-1.36)
Medical-surgical 20.7 17.9 0.94 (0.94-0.95) 0.90 (0.89-0.90)
Surgical-surgical 7.0 6.7 0.76 (0.76-0.77) 0.66 (0.66-0.66)
Office distance, km 21.1 38.7 0.99 (0.99-0.99) 0.98 (0.98-0.98)
Different hospital, % 69.2 96.0 0.07 (0.07-0.07) 0.12 (0.12-0.12)
Completed medical school at different
medical school
6.1 3.6 0.53 (0.53-0.53) 0.99 (0.99-0.99)
Completed residency at different
institution
5.3 2.7 0.55 (0.54-0.55) 0.88 (0.88-0.89)
Practice stylec 0.29 0.31 0.91 (0.91-0.91) 0.93 (0.92-0.93)
Patients
Difference in %
Whites 11.5 20.2 0.72 (0.72-0.72) 0.89 (0.89-0.89)
Blacks 8.8 14.0 0.75 (0.75-0.75) 0.92 (0.92-0.92)
Hispanics 2.9 5.3 0.59 (0.59-0.59) 0.75 (0.75-0.76)
Females 13.0 15.6 0.80 (0.80-0.81) 0.86 (0.86-0.86)
Medicaid 15.3 24.4 0.69 (0.69-0.69) 0.86 (0.86-0.86)
Difference in age 4.1 5.4 0.42 (0.42-0.42) 0.75 (0.75-0.75)
Hierarchical clinical conditions score 1.0 1.1 0.78 (0.78-0.78) 0.93 (0.93-0.93)
Abbreviation: PCP, primary care physician.
aRate ratios reflect the increase in the expected number of shared patients (and thus likelihood of a true information shar-
ing relationship) for every 10% point difference in patient panel characteristics (not applicable to hierarchical clinical con-
dition score). All comparisons yielded P values of less than .001.
bCalculated using a negative binomial regression model adjusted for all variables in the table. Rate ratios were used be-
cause the outcome (number of shared patients) is a count rather than binary. Results were similar when a binary out-
come variable was analyzed using logistic regression.
cMeasured by episode treatment group intensity score.
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acteristics included physician ties only
if they were in the top 20% of ties for
each individual physician. Some ties
thatwe eliminatedwere likely to be true
information-sharing relationships and
conversely some that we retained may
be ad hoc or happenstance (though our
sensitivity analyses confirmed the ro-
bustness of the findings).Moreover, our
approach fails to capture physician in-
teractions with other physicians across
the country through professional soci-
eties and likely underestimates infor-
mation sharing among physicians
within a specialty. Fourth, our model
of characteristics associatedwith ties as-
sumes conditional independence of dy-
ads; currently available statisticalmeth-
ods precluded accounting for potential
network-generated dependencies in
data sets of our size. Fifth, the rapid
adoption of electronic medical rec-
ords since 2006 could lead to different
relationship patterns.28 Sixth, al-
thoughwedemonstrate variation innet-
works across geographic areas, addi-
tional research is needed to establish
whether network characteristics are as-
sociated with variations in care.
In conclusion, we used novel meth-
ods to define social networks among
physicians in geographic areas based on
shared patients, examined how such
networks vary across different geo-
graphic regions, and identified physi-
cian and patient population factors that
are associated with physician patient-
sharing relationships. This approach
might have useful applications for
policymakers seeking to influence phy-
sician behavior (whether related to ac-
countable care organizations or inno-
vation adoptions) because it is likely
that physicians are strongly influ-
enced by their network of relation-
ships with other physicians.
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